Abstract-Swallowing is an important part of the dietary non-invasive sensors. However, a rough estimation of food process. This paper presents an investigation to detect and type. e.g. ratio of fluid and solid nutrient combined with the classify normal swallowing during eating and drinking from timing information, e.g. event schedule and meal durations electromyography and microphone sensors. The non-invasive ' sensors are selected in order to integrate them into a collar-overthda,Already povides warsl bsisorsbehaviura like fabric for continuous monitoring of swallowing activity over monitoring. Although focusing on wearable sensors we expect a day. We compare methods for the detection of individual that additional information can be obtained in combination swallowing events from continuous sensor data. Furthermore with a supportive environment, e.g. food products with RFwe present a classifier comparison for the swallowing event identification tags, intelligent shopping lists or dietary moniproperties volume and viscosity. The methods are evaluated .
like fabric for continuous monitoring of swallowing activity over monitoring. Although focusing on wearable sensors we expect a day. We compare methods for the detection of individual that additional information can be obtained in combination swallowing events from continuous sensor data. Furthermore with a supportive environment, e.g. food products with RFwe present a classifier comparison for the swallowing event identification tags, intelligent shopping lists or dietary moni- properties volume and viscosity. The methods are evaluated .
a'es on experimental data and a performance analysis is shown. torWng tables.
Moreover we present a class skew analysis based on the metrics
We target a non-invasive wearable system relying on inprecision and recall.
formation from the following three sensing domains: 1) the Index Terms-Swallowing detection, event detection, bolus identification of characteristic arm and trunk movements asviscosity classification, bolus volume classification, sensor collar. sociated with food intake using inertial sensors [1] , 2) the analysis of food chewing sounds from an ear microphone [2] 1. INTRODUCTION and 3) the detection of swallowing from body-worn sensors.
The focus of this paper is on the latter. r he prevalence of chronic diseases related to lifestyle and behaviour as well as the aging population leads to a surge of healthcare costs all over the world. Consequently new con-B. Swallowing process cepts and methods are needed to fight diseases such as obesity, Swallowing is a frequent human activity. It is estimated that hypertension and cardio-vascular diseases. It is envisioned that normal swallowing occurs approx. 600 to 2000 times per day long-term behavioural monitoring and coaching can contribute in healthy persons [3] .
vastly to the problem of maintaining or achieving a healthy
The swallowing act is often partitioned into three distinctive lifestyle and therefore reducing the risks of these diseases.
phases [3] : 1) the oral preparation, 2) the pharyngeal, and Relevant lifestyle aspects related to the afore-mentioned finally 3) the esophageal phase. During the oral phase a food diseases include exercise and dietary behaviour. Our work piece is transformed to a swallowable bolus. This may involve aims at developing methods to monitor dietary behaviour chewing and forming a bolus by tongue movements (dependautomatically. We believe that wearable systems can provide ing on the food texture) and initiating the swallowing reflex, valuable insight into daily eating behaviour, that is difficult to which starts the pharyngeal phase. In the oral phase the bolus achieve by other means. The work on swallowing detection type is sensed with regard to volume and viscosity. Henceforth presented in this paper is considered one part of a wearable the swallowing apparatus may adapt to the bolus [41. dietary monitoring system, since swallowing is inherently
The pharyngeal phase is formed by the bolus travelling linked to eating and drinking activities.
through the pharynx and passing the upper esophageal sphincter. During this phase a sequence of muscle activations is used A. Automatic dietary monitoring to propel the bolus and protect the trachea from contamination.
Dietary monitoring includes a variety of aspects such as The following esophageal phase is composed of peristalsis timing and frequency of eating activities, rate of intake as contractions that move the bolus towards the stomach. well as type and amount of foodstuff. Information about these Since the oral phase is involved with the variable process of parameters on a daily basis provide insight into the dietary chewing, it is less informative for the detection of swallowing. activities and can be integrated in lifestyle feedback and The pharyngeal and esophageal phase are expected to be more reminders that have a relevant impact, e.g. to maintain a lunch specific since these are not controlled voluntarily. However duration of at least 15 minutes. Currently dietary activities are the latter cannot be accessed with non-invasive methods due studied exemplary by entering the information manually into to the spine and trachea covering the esophagus. Hence the questionnaires. This involves a considerable effort of study pharyngeal swallowing phase is addressed with non-invasive participants and managers.
sensors.
We believe that the absolute error-flee estimation of amount and calories of every possible nutrient is rathelr visionary, using C. Paper contributions Several other approaches have been proposed for the analyThe work presented in this paper aims at utilising non-sis of swallowing, mostly in combination with previously meninvasive sensing modalities to detect and identify swallowing tioned invasive methods, including ultrasound [4] , [14] , phaat the pharyngeal phase. Specifically, the following contribu-ryngeal impedance sensing methods [15] - [18] [7] . Dantas et al. [25] found that bolus transit time through the important invasive methods include videofluoroscopy, e.g. [5] , pharynx increases with viscosity. This effect was captured in manometry, e.g. [6] and wire-electrode based electromyogra-duration and amplitude parameters of SEMG recordings from phy (EMG), e.g. [7] . the submental and infra-hyoid regions [25] - [27] . Moreover it A number of non-invasive assessment methods have been was found in these studies that transit time and SEMG features evaluated during pharyngeal swallowing, including sensing of are largely unaffected by bolus volume. muscle activations by SEMG, e.g. [8] , [9] , listening to the Chichero et al. [28] and Boiron et al. [29] reported a throat sounds (cervical auscultation) by stethoscope [10] and dependency of swallow sound features on bolus volume. stethoscope acoustic transducers or sealed microphones [11] . However the studies disagree on the type of interaction.
As alternative to the acoustic analysis, tissue vibrations have been analysed [12] . However tation was applied to isolate the swallows. Fused SEMG and As described in the introduction of this paper ouI de-sound feature sets from time-domain and combined frequencytection and classification targets the analysis of pharyngeal and time-domain were evaluated by analysing the classification swallowing using non-invasive sensors attached to the users performances. neck. Fig. 1 illustrates the overall concept of our approach to the problems of sensor data acquisition, event detection and classification. The following sections of this paper will P inents evaluate solutions for these problems. sound) during the recordings. In the post-processing step the synchronisation events were used to adapt the alignment of B. Feazttae similazrity detection the daasreams.
The feature similarity approach relies on a two-step proce- In order to analyse and classify individual swallows, data search for swallowing event sections using a feature similarity sections containing the swallowing events need to be extracted mneasure. The search is performned by analysing the similarity from the continuous stream of se;nsor data. of a data section under xinvestigation compared to a tIained window procedure.
-r 1 |For the fusion using a second-pass similarity search we applied an additional training step based on the event confidences of the individual similarity results. The training data from the first-pass similarity was reused for this training. Training and testing was performed on the subject-specific indicates an annotated swallow. data sets. To account for variations in the data set a 4-fold cross-validation procedure was used to determine training and testing data set for both detection procedures, IH-EMG pattern. For a given segmentation point, the history of sensor intensity and feature similarity search. For the training 3 of 4 data is analysed from a lower up to an upper search bound. data parts were used. Evaluation was performed on the left out These bounds are determined in the training step from mini-data part. This procedure was repeated until all 4 parts were mum/maximum overlaps between the annotated events and the used for testing once. The partition boundaries were adapted segmentation points.
to avoid intersecting swallowing data sections. The similarity of the sensor data is determined from the To analyse performance, we utilised the metrics Precision Euclidean distance between the features of the data section and Recall commonly used for evaluation in Information under investigation during the search and the trained pattern. Retrieval. These metrics are derived as follows: This approach has been applied previously to The results of all investigated detection methods are sumselecting the front of best events from the individual similarity marised in Tab. III: IH-EMG intensity (Intensity), feature simsearches. For this procedure a detection confidence was deter-ilarity (SIM) for IH-EMG, sound and the feature level fusion, mined by normalising the sensor-specific event distances with as well as the event fusion methods comparison (COMP) and the corresponLding similarity training threshold. InL this way second-pass. For all methods athreshold was chosen to achieve the event detection results of independent siLmilarity searches high recall. For the comupariLson both recal and precision must can b a eee e compared The best events wre selected by sliding be considered. ilarity. While both methods retrieve far less false positives (increased precision), the number of recognised swallowing ieces supports the discrimination of the bolus viscosity independent from volume and 2) sound supports the discrimination of the bolus volume. Our analysis is based on the isolated classification using manually derived swallowing annotation.
Two feature sets (summarised in Tab. V) were computed from the sensor data. Feature set 1 l is based on time domain
properties of the sensor streams, feature set 2 contains set 1
A. Evaluiation procedure and additional frequency domain features. Feature set I was
In order to investigate the hypotheses described above the processed at relatively low sampling resolution of 128 Hz recorded food categories were grouped into classes according for SEMG and 4 kHz for sound. For feature set 2, higher to Tab. IV. We assumed here that the chosen foodstuffs rep-frequencies were used: 2 kHz for SEMG and 16 kH[z for the resent the typical variations in foods with regard to viscosity sound.
(fluid, semifluid and non-fluid) as well as volume (see Tab. I).
The feature sets were evaluated using three classifiers of Tab. IV) , performed weak on all tested classifiers, sensor streams and feature sets. Therefore we concentrated on the evaluation of hypotheses 2 (classes for different complexity: 1) Naive Bayes (NB), 2) k-Nearest low and high volume/viscosity). Neighbour (KINN) and 3) Hidden Markov Models (HMMs). 1) Vol ome classification: Fig. 5 illustrates the classification For the Naive Bayes a feature preprocessing using Linear performance using the class skew precision-recall plot proceDiscriminant Analysis (LDA) was applied. The LDA filter dure as described before. The midpoint of each curve shows method permitted the integration of larger feature sets and the performance for the class distribution in the evaluation improved the discrimination performance in some situations data set. A natural distribution may be found to contain a as described below.
large variation in swallowing volume, depending on nutrient, For the KNN classifier k 10 was chosen, however taste and physiology. According to the actual distribution the only a minimal performance degradation was observed for classifiers produces a esult along the curves. Best performance k = 5. For the HMMs, continuous left-right models with 5 is found towards the top-right corner (high precision, high states were used for each class with one Gaussian mixture recall). per feature. Continuous features were derived according to
The classification result of LDA+Naive Bayes using SEMG feature set 2. To reduce the influence of the varying training and sound (individually and by feature-level fusion) and from performance, 10 instances of each HMM were trained and one KNN is shown in Fig. 5 . For these results feature set 1 tested on the training data. The best performing set was used was utilised. Fig. 6 shows a comparison of the different for the evaluation.
classifiers using feature set 2. The best performing LDA+Naive Training and testing was performed on the subject-specific Bayes classifier from Fig. 5 is shown for reference. Overall data sets. To account for variations in the partitioning of the LDA+Naive Bayes procedure with features from feature classifier training and testing data set a 10-fold cross-validation set 1 (time domain) performs marginally better than the KNN procedure was used. For training 9 of 10 parts of all instances using feature from set 2. The HMMs did not improve the were used. Evaluation was performed on the left out data part recognition rate compared to the best LDA+Naive Bayes. in order to test every instance exactly once.
From the graphs it can be seen that the sound data conThe chosen nutrient groups resulted in class skews (one tributes largely to the discrimination result while the individual class contained more instances than another class). To avoid IH-EMG or combined IH-&SM-EMG classification performs training a skewed classifier an equal number of training relatively less using LDA+Naive Bayes. Best results are obinstances was used for all classes and the test instances were tained from the feature-level fusion of IH-EMG and sound.
adapted to satisfy the cross-validation procedure as described Although more complex, feature set 2 did not improve the before.
result. The classification performances for the bolus volume To compare the classification results the normalised accu-are summarised in Tab. VI using the normalised accuracy racy was used:
metric.
( _'P T'N 2) Viscosity classification: Fig. 7 illustrates the classificaNormalised accuracy 2 + (3) tion performance using the class skew precision-recall plot 2 p N procedure. Similar to the volume analysis, the midpoint of The normalised accuracy is robust against skew with a given each curve shows the performance for the ratio between low (trained) classifier [32] . In our evaluation, the classifiers were and high viscosity in the evaluation data set. A natural distributrained with an equal class distribution. The measures are tion may be found to contain more low viscosity swallows than derived from the two-class confusion matrix as seen from one obtained in the experiments of this investigation (see Tab. I). class: true positives (TP), all positives (P), true negatives (TN) Using the non-skewed classifiers this would shift the result and all negatives (N).
towards higher precision at a reduced recall. 1) Class skeiw analysis: We present a performance analysis
The classification result of LDA+Naive Bayes using SEMG that incorporates the class skew based on class-wise precision and sound (individually and by feature-level fusion) and from and recall metrics. The class skew analysis simulates different one KNN is shown in Fig. 7 . For these classification results class distributions using the classification result of the full feature set 1 was utilised. The evaluation of the different evaluation dataset. The procedure starts with all relevant classifiers using feature set 2 revealed a KNN using I1H-instances from class 1 and adds xinsta;nces from the second EMG and sound features as best-peiformxing classxifier for LDA+NB  LDA+NB  LDA+NB  LDA+NB  KNN  11MM  H1MM  IKNN  KNN  Sensors  IH-EMG  IH-EMG  SND  IH-&SM-IH-EMG  IH-EMG  SND  IH-EMG  SND  &SND  EMG  &SND  &SND  &SND   Featuire set  1  1  I  I  1  -2  2  -2  2  Class  1  2 1  2  1  2  1  2  1  2  1  2  1  2  1  2  1 Sensors  IH-EMG  IH-EMG  SND  IH-&SM-IH-EMG  IH-EMG  SND  IH-EMG  SND  &SND  EMG  &SND  &SND  &SND   Feature set  1  1  1  1  1  2  2  2  2  Class  1  2  1  2  1  2  1  2  1  2  1  2  1  2  1  2  1  2  Relevant 558 310 558 310 558 310 558 310 558 310 558 310 558 310 558 310 558 2) Evaluating the use of furher sensois to improve the using LDA+NB and KNN. Best performance is found towards the top-right detection performance.
corner (high precision, high recall).
3) Studying the detection performance of doubleswallowing and sequential swallowing specifically.
B. Swcallowivng classification
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